H I G H L I G H T S
• Exposure to heat is examined in Delhi, Dhaka, and Faisalabad. • Extremely hot conditions were found to persist for prolonged periods of time. • Spatial patterns of exposure are distinctly different between day and night. • Informal neighbourhoods are diverse, but tend to remain warmer during the night. • Heat action plans should be based on thermal indices.
G R A P H I C A L A B S T R A C T
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Introduction
Climate change is expected to exacerbate the frequency, intensity, and duration of heatwaves (Collins et al., 2013) . Exposure to extreme heat can lead to increased mortality and morbidity (Hajat et al., 2010a) , even in regions where people are used to being exposed to hot conditions and therefore are expected to be adapted Singh et al., 2018) . It has been postulated that there is a physical adaptability limit to heat, which may be reached in some regions of the world, depending on the temperature increases because of climate change (Sherwood and Huber, 2010 ). An analysis of documented extreme heat events with increased mortality showed that large parts of the world already experience lethal heat conditions and that climate change will lead to many more lethal heat events, notably in tropical and sub-tropical regions (Mora et al., 2017) .
Low socio-economic status has been widely recognized as a factor that enhances a person's vulnerability to climate change including vulnerability to increasing temperature (Leichenko and Silva, 2014) . In developing countries, a significant fraction of people with low socioeconomic status inhabit so-called informal urban areas or slums. Despite attempts to avoid their formation or growth, the existence of such neighbourhoods is linked to rapid urbanization in many parts of the world (Ooi and Phua, 2007) . These neighbourhoods are characterized by overcrowding, poor housing, high building fraction that may hamper natural ventilation by wind, meagre hygienic and sanitation conditions, and lack of infrastructure, including limited access to health care systems (Revi et al., 2014; Sverdlik, 2011) . According to a recent study, they are also found at locations with comparatively rapid changes of temperature variability (Bathiany et al., 2018) . This enhances the vulnerability of their inhabitants.
It is well-known that urban areas are warmer than rural areas on average. This phenomenon is known as the urban heat island (UHI) effect and is often particularly pronounced during the night (Oke, 1982) . Urban characteristics at neighbourhood scale such as vegetation cover and building density and height, which are closely related to sky view, are important determinants of the average UHI strength (Stewart and Oke, 2012) . High building density and lack of vegetation in informal or slum areas may imply enhanced exposure to heat, in particular during the night. Unfortunately, research on heat patterns within cities in low-to middle-income countries with dense urban areas is comparatively rare (Hondula et al., 2017) and little is known about heat exposure in such neighbourhoods.
Whereas some papers characterize the UHI of (South-) Asian cities (Santamouris, 2015; Tzavali et al., 2015; Kotharkar et al., 2018) , many of those investigations are based on observations of surface temperature instead of ambient air temperature (e.g., Shastri et al., 2017) and reports of traverse measurements are comparatively rare (Kotharkar et al., 2018) . Such studies on heat exposure were often carried out in isolation and mostly apply to limited periods of time, typically one to a couple of days, although two seasons were covered in the study by Yadav and Sharma (2018) . At the time of writing we are unaware of studies specifically focusing on informal neighbourhoods or slum areas in South Asia.
Whether people feel comfortable with the microclimate they are exposed to, depends on a complex interaction between physical, physiological, behavioural, and psychological factors (Nikolopoulou and Steemers, 2003) . Many thermal indices are available to describe the link between environmental conditions and thermal perception or comfort de Freitas and Grigorieva, 2017) . Environmental conditions affecting thermal comfort include air temperature, humidity, wind speed and radiation (shortwave and longwave). For example, trees as well as buildings provide shading, leading to improved thermal comfort in hot conditions, despite minimal differences in air temperature (Armson et al., 2012; Klemm et al., 2015) . These environmental parameters, and therewith thermal comfort, are all strongly modified in the urban environment .
Unfortunately, South Asian studies on outdoor thermal comfort are quite rare (Kotharkar et al., 2018) .
The main aim of the present paper is to assess possibly enhanced exposure to outdoor heat in informal urban neighbourhoods. We will characterize intra-urban differences in exposure to heat in three major cities in the South Asian region: Delhi (India), Dhaka (Bangladesh) and Faisalabad (Pakistan) . This region is considered to be a climate change hotspot, defined as an area "where a strong climate change signal is combined with a large concentration of vulnerable, poor, or marginalized people" (De Souza et al., 2015) .
The analysis presented in this paper utilizes traverse observations carried out weekly to bi-weekly, using the same type of instrumentation and the same measurement protocol in all three cities. We consider the day-time as well as the night-time situation throughout these months covering the pre-monsoon until the post-monsoon period and combine results from the traverse measurements with measurements at fixed stations. Furthermore, we assess exposure to heat in outdoor microclimatic conditions in terms of thermal indices instead of just UHI or air temperature. Because of these characteristics, our observations allow a rather unique direct comparison between three different cities and analysis of spatiotemporal patterns of outdoor exposure to heat, during a considerable part of the year.
Methods

General
Our assessment builds upon three sets of complementary observations. Traverse observations of air temperature and humidity, wind speed and solar radiation were performed using a collection of instruments placed on top of a car (Sections 2.3 and 2.4). The traverse measurements were complemented with observations at automatic weather stations (AWS) placed in the urban environment (Section 2.5). These measurements were used to determine temporal patterns and to correct the traverse observations for temporal trends. Finally, we collected data from official stations reporting to the World Meteorological Organization (WMO) in these three cities. The combination of micrometeorological measurements applied here allows evaluating spatial patterns of the most frequently used thermal indices (Section 2.6).
Study areas
The observations were carried out in Delhi (India), Dhaka (Bangladesh) and Faisalabad (Pakistan), three large cities in the Indo-Gangetic plain, one of the most densely populated areas in the world. Strong growth in population is expected, estimated at 40% (Delhi), 56% (Dhaka) and 52% (Faisalabad) until the year 2030 (compared to 2015), with strong urbanization (United Nations, 2014) . Much of this growth in urban population will be accommodated, at least initially, through informal or low-income neighbourhoods which can be found in all three cities.
Delhi is India's capital and biggest city with nearly 25 million inhabitants (United Nations, 2014) . Urban parts of Delhi cover about 700 km 2 , out of nearly 1500 km 2 for the total Delhi area (India Census, 2015) . Its climate can be classified as an overlap between humid subtropical and semi-arid and is highly influenced by the monsoon in July-September. The summer months are hot and increasingly humid towards the onset of the monsoon. In the hottest months, April-June, daily maximum temperatures can rise to between 40°C and 45°C, with minima remaining over 25°C (Sati and Mohan, 2017) . While daytime maxima decrease somewhat during the monsoon period, night-time minima on average remain over 25°C until August, with average morning relative humidity being over 60% (Weatherbase, 2018a) .
Dhaka is the capital of Bangladesh. It covers about 306 km 2 (Bangladesh Bureau of Statistics, 2014) and hosts about 19 million inhabitants (United Nations, 2014). Dhaka's climate can be classified as a tropical savanna climate, with a distinct monsoonal season. The highest daily maximum temperatures are reached in March-May, the average being about 33°C. However, maxima may rise to nearly 40°C on individual days. Furthermore, the highest average minimum temperature of over 26°C is observed in the monsoon months June-August. These months are also extremely humid, with an average evening relative humidity of about 75% and an average morning relative humidity of about 93% (Weatherbase, 2018b) .
Faisalabad is home to about 3.2 million people and is the third largest city of Pakistan (Pakistan Bureau of Statistics, 2018). The surface area of the municipality of Faisalabad is about 210 km 2 (Minallah et al., 2012) . Faisalabad has a dry, semi-arid climate, classified as midlatitude steppe and desert climate and characterized by high temperature variability (Weatherbase, 2018c) and an increasing number of hot days, warm nights and heatwaves (Abbas, 2013; Saeed et al., 2016) . The hottest months are May-July with maxima sometimes going up to around 50°C in June and minima remaining around 27°C from June-August, but sometimes exceeding 30°C (Abbas, 2013) .
Traverse measurements
Traverse measurements were performed to determine intra-urban spatial differences in air temperature, humidity, solar radiation, wind speed, and derived heat indices. Temperature was measured using a 0.25 mm fast response thermocouple (5TC-TT-TI-30-1M, Omega, USA; g in Fig. 1 ) and a HMP60 temperature and humidity probe (Vaisala, Finland; h) . From the latter device we also obtained the humidity. Wind speed was measured using a 2-D ultrasonic anemometer (Windsonic, Gill Instruments, UK; f) and solar radiation with an upward facing pyranometer (SP-110, Apogee Instruments, USA; d).
The instruments were attached to a small polycarbonate cabinet (CAB PC 302018G, Fibox, the Netherlands), which housed the data logger (CR850, Campbell Scientific, UK; b), a flash memory drive (SC115, Campbell Scientific, UK; b) and a battery (YPC2A12, Yuasa, USA; b). Furthermore, the box was equipped with a GPS device for position logging (GPS 16X-HVS, Garmin, USA; c). The fast response temperature sensor was mounted inside a ventilated plastic tube to prevent radiation errors. A fan (D341T-012GK-2, Micronel, Switzerland; a) ensured an air flow through the tube at a speed of 4.6 ms 1 . The inlet of the tube was wrapped in aluminium tape and located above the front windscreen. The box was attached on top of a car using a set of four strong magnets (E834, Eclipse Magnetics, UK), see Fig. 1 . The height of the measurements was about 2 m, depending a bit on the height of the car used.
Accuracy of the fast response thermocouple was between 0.5 and 1.0°C , its time constant was 0.5 s. Radiation accuracy was ±5%, wind speed accuracy was ±2% at 12 ms 1 , temperature accuracy of the temperature-humidity probe was 0.6°C and relative humidity (RH) accuracy was ±3% (0-90% RH) or ±5% (90-100% RH). GPS position accuracy was b15 m.
The typical driving speed with the instrumented cars was 5-10 ms 1 (18-36kmh 1 ), depending on traffic. Data were logged at a 2-second interval. This implies a spatial resolution of our measurements of 10-20 m. Measured wind speed was corrected for driving speed (using the GPS data) with a routine made available by Smith and Bourassa (1996) .
The traverse measurements were carried out weekly from April to June and biweekly from July to September, in 2016, along fixed, predetermined transects (see Section 2.4). On a measurement day two runs were generally performed, one daytime and one night-time run. The daytime observations were carried out just after noon, around the time when the maximum temperature is usually reached, with the sun near its maximum elevation and solar radiation potentially highest. It was decided to start the night-time run shortly after sunset, encompassing the part of the day when the UHI often is most intense according to UHI development theory (Oke, 1982) as well as observations in Asian cities (Santamouris, 2015; Tzavali et al., 2015) . Changes in background meteorological conditions due to diurnal variations are also expected to be relatively small during the periods chosen here, which avoids the need of large temporal trend corrections. In total 96 runs could be completed, of which 94 could be further analysed, 35 in Delhi, 35 in Dhaka and 24 in Faisalabad. One run typically took 1.5-2 h, depending on traffic. Temporal trends can occur during such a period which may hide or exaggerate spatial differences between neighbourhoods. Therefore, using data from the AWS (see below), simple linear detrending was applied to the spatial temperature data (cf. Heusinkveld et al., 2014) . As expected, night-time trends were usually negative while daytime trends were found to be negative or positive, which may be expected because observations were carried out around the time when maximum temperature was reached, so in practice sometimes before and sometimes after the temperature peak. Absolute values of computed trends usually remained well below 1 K per hour, but during 9 runs larger trends were found, up to a maximum of 1.45 K per hour. (Stewart and Oke, 2012) of the cities and the region. Lower panels: LCZ classification within the black squares shown in the middle panel with transects (white lines) and neighbourhood definition (black polygons). The blue triangles and squares in the upper panels indicate the locations of the AWS and WMO stations, respectively. The numbers correspond to the transects in Table 1 .
Transects
In each city, fixed transect routes were selected to allow sampling of various differing target neighbourhood types, including informal neighbourhoods with a high density of buildings and little green as well as neighbourhoods with low building density and large green cover or water elements. The neighbourhoods were selected by visual inspection of Google Earth® images in combination with local knowledge. Average values of air and thermal comfort indices (see Section 2.6) were determined for the transect parts running through each target neighbourhood (Fig. 2) .
The cities were also mapped in terms of so-called Local Climate Zones (LCZs) (Stewart and Oke, 2012) . LCZs accommodate a clustering of urban characteristics (related to, for example, building density, height of roughness elements and urban metabolism) representing approximate ability to influence the local microclimate. They provide an objective classification for the purpose of studying physical aspects of urban climate studies. For further interpretation of the differences between neighbourhoods the dominant LCZ was determined in each of the target neighbourhoods, as indicated in Table 1 . To classify the neighbourhoods in terms of LCZ the methodology proposed by Bechtel et al. (2015) was used. Briefly, Google Earth® images are used to designate training areas, which are areas with a known LCZ classification. The training areas are then linked to remotely sensed surface characteristics, notably Landsat satellite data, and subsequently extrapolated to the area of interest using the data from the training area. The results can then be verified against local knowledge and, if necessary, be adjusted by including new training data. The procedure can be repeated several times until the result matches the situation. A comparison of the abundance of the various LCZ in the three cities can be found in Table SI .I1. The resolution of the LCZ map is 100 m × 100 m.
Finally, the socio-economic status of the neighbourhoods was assessed, based on local knowledge. A distinction was made between high-income, middle-income, and low-income neighbourhoods. Sometimes, an intermediate classification was chosen. Some neighbourhoods are barely populated and were therefore classified in terms of their main land use (rural, green, road, industrial).
Stationary measurements
An AWS was installed in each of the three cities to determine the temporal evolution of the weather in the cities. The station (Wireless Vantage Pro2 Plus, Davis Instruments, USA) included solar radiation sensors and a daytime fan-aspirated radiation shield for the temperature and humidity devices. Furthermore, wind speed and wind direction were measured using a cup anemometer and wind vane, respectively. The station was also equipped with a rain gauge and a barometer. All sensors were measured at an interval of 1 min and the readings were subsequently averaged or summed to obtain hourly values. These hourly values were stored and uploaded to a server. Accuracies were: wind speed 0.5 ms 1 , air temperature 0.5°C, relative humidity 2%, pressure 1 hPa, rainfall 4% for rates up to 100 mm hr 1 , solar radiation 5%.
Data from the AWS were used to determine temporal trends of weather variables during a transect run and to correct the spatial observations for this temporal trend. Therefore, locations of AWS were selected to represent an urban setting. Practical considerations such as the risk of vandalism further determined the selection of the location. The locations are indicated in Fig. 2 . Daily results like maxima and averages were used if at least two-thirds of the hourly values were available for a specific day.
Although we focus on thermal comfort instead of on UHI, we also assessed UHI strength for completeness. Given the urban location of the AWS, their data could not be used to determine the UHI as defined by Oke (1982) . Therefore, our UHI assessments were based on data from nearby weather stations in Delhi, Dhaka, and Faisalabad, run by the national weather services and which should conform to guidelines Table 1 Naming and classification of neighbourhoods sampled by the transect parts indicated in Fig. 2 . Coding combines socio-economic classification with dominant LCZ classification (see Fig. 1 ). For Delhi, this leads to two cases in which the coding would be the same (Low/Middle-2). Hence, we added "a" and "b" to distinguish between these neighbourhoods. "Fraction" is the percentage of neighbourhood grid points (100x100m) in the dominant LCZ. For each LCZ the typical sky view range is given (Stewart and Oke, 2012 UTCI then refers to "the air temperature of the reference condition causing the same model response as the actual condition", with the reference condition defined as a person with a walking speed of 4kmh 1 and a metabolic heat production of 135Wm 2 in an environment where u at a height of 10 m is 0.5 ms 1 , T mrt = T and RH = 50% up to a vapour pressure of 20 hPa. Used in this way, UTCI allows objective quantification and comparison of the thermal environment people are exposed to; it is not intended to evaluate thermal perception, heat stress or heat strain of specific individuals at a specific location. Wind speed u from our measurements was recomputed to a value representing the wind speed at a height of 10 m, according to the guidelines for UTCI computation . The method assumes a logarithmic wind profile, which probably does not occur within cities (Oke et al., 2017) . Nevertheless, the assumption is not a critical one if the main goal is standardisation for the purpose of comparison of spatiotemporal patterns. Given the uncertainty regarding urban wind profiles, we decided to adopt the standard approach. If u after extrapolation to a height of 10 m was out of the validity range for the fit (3), that is, b0.5 ms 1 , we computed UTCI using u = 0.5 ms 1 .
Evaluation of spatial differences
After the measurements of a run were completed, all data were downloaded from the data logger and processed with the statistical software R (R Core Team, 2013) . Averages of all variables, x, were computed per neighbourhood transect, being the part of the city transect running through predefined polygons (see Section 2.4 and Fig. 2) . These polygons delineated distinct neighbourhoods that were based on Google Earth® satellite images, from which physical neighbourhood characteristics were estimated (building density, amount of green), combined with local knowledge on socio-economic status and were fine-tuned based on local inspection before the start of the measurement campaigns.
Here, spatial anomalies determined per run are used to examine spatial differences. For variable x the spatial anomalies are defined as the difference between the overall mean for all neighbourhoods considered and its mean for a specific neighbourhood:
Here x n denotes the mean of the variable considered (temperature or one of the heat indices) for a specific neighbourhood n (1-10 in Delhi or Dhaka and 1-11 in Faisalabad), x denotes the average over all transect parts considered and x n ′ symbolizes the anomaly computed for neighbourhood n. Since the anomalies are determined per run, all runtime spatial averages of x n ′ are zero by definition.
Between-neighbourhood means were compared using a robust variant of the one-way ANOVA test by applying the Welch's t-test adjustment, after hypothesis testing of equal variances across groups was conducted (Field et al., 2012) . As a post hoc test for the pairwise comparisons between each neighbourhood the Bonferroni correction was applied. Fig. 3 provides a general impression of the weather conditions during the summer period of 2016 in the three cities, using our measurements at the AWS. The time series confirm the expectations from the climatic situations in the city.
Results
Weather conditions
In Delhi, maximum temperature rose to over 40°C on some days in the hottest period and minimum temperatures generally varied between 25°C and 30°C. Notably in April and May, the maximum dew point temperature was far below the air temperatures, showing that the humidity was quite low. In this period, the weather was generally fair, with daily solar radiation totals between 1.5 and 2.0kJcm 2 and hardly any precipitation. Upon the onset of the monsoon the air temperatures dropped somewhat, but the humidity rose dramatically, with maximum dew point temperatures approximately equal to the minimum temperature. Precipitation occurred regularly and the variation in incoming solar radiation illustrates the difference in cloudiness among the days in that period.
The course of weather conditions in Faisalabad is similar to that in Delhi, although the radiation intensity is much less variable so that its gradual seasonal decrease becomes clearly visible. By contrast, Dhaka shows limited variation in heat and moisture conditions. Maximum temperature varies between 30°C and 35°C, minimum temperature is around 25°C. The humidity is high during the entire period, with maximum dew point temperatures approaching the minimum temperatures. This is also caused by the frequent precipitation, which often falls in large amounts. The daily radiation load is quite variable throughout the season, which is indicative of variable cloud cover.
More details on the weather conditions on the days of traverse measurements are provided in the Supplementary information (SI.II). Here, we depict in Fig. 3 the average air temperature along the transects after detrending. The daytime temperatures from the transects approximately follow the maximum temperature of the AWS. Like expected, the evening transect temperatures are usually well above the minimum temperature, and below the maximum temperature.
Seasonal trend of the heat indices
The seasonal development of the heat indices in the three cities studied is shown in Fig. 4 . The figure depicts the daily maximum value of indices along with the maximum air temperature, using hourly averages from the AWS.
HI, WBGT and UTCI only follow T to a limited extent, in Delhi and Faisalabad in particular. In these cities, maximum T varies strongly around 40°C in the hottest, pre-monsoon period and then declines somewhat to values around 32-35°C in June-July. However, HI and WBGT continue to increase and UTCI hardly changes in those months. This behaviour can be explained by the strong increase in atmospheric humidity (see Fig. 3 ). Only as of August the indices follow T again and trends become similar. In Dhaka, there is hardly any trend in any of the indices during the period shown here. Comparatively large day-to-day variations in WBGT and UTCI can be explained by the large variability in solar radiation (see Fig. 3 ). A notable feature is that in periods when T in Dhaka is clearly lower than in the other cities, between 30 and 35°C versus around 40 to 45°C in Delhi and Faisalabad, the values of WBGT and UTCI in Dhaka are still at levels similar to the ones in Delhi and Faisalabad, around 35°C for WBGT and 45°for UTCI. Also, HI is only slightly lower in Dhaka, around 45°C versus 45°-50°in the other cities. Only HI in Faisalabad in July stands out with values up to 55°C.
In terms of heat stress risk, focussing on the daily maxima of the indices, potentially dangerous levels of thermal stress could occur on most days of the observational period, and in all three cities (Table 2) . To evaluate heat stress conditions, we use the set of threshold values quoted in Blazejczyk et al. (2012) for HI and WBGT and the UTCI assessment scale available from www.utci.org. It appears that in Dhaka the WBGT surpasses the 28°C threshold ("very hot to sweltering") each day for which observations are available (n = 115), of which on 110 days Table 3 UHI intensities [K] during periods of transect measurements. Reference temperature used here was obtained from weather stations run by national meteorological services ("WMO stations"). "Mean UHI" refers to temperature differences averaged over the analysed parts of all transects (see Section 2.4). "Max UHI" refers to temperature differences between the WMO station and the warmest part of a transect. Average, max and min denote the seasonal averages, maxima, and minima, respectively. 'n' denotes the number of measurement days included. a n d i n di c at e t h at m o st of t h e diff e r e n c e s a r e st ati sti c all y si g nifi c a nt ( s e e SI.III r e s ult s f o r t h e A N O V A t e st a n d p ai r wi s e tt e st s f or t h e i n di vi d u al t r a n s e ct s, c o nfi r mi n g t r u e diff e r e n c e s b et w e e n n ei g h b o u r h o o d m e a n t e m p e r at u r e s i n t h e v a st m aj o rit y of c a s e s ). I n D el hi, a v e r a g e s e a s o n al a n o m ali e s of ai r t e m p e r at u r e v a r y b et w e e n − 1. 0 a n d + 1. 3 K f or d a yti m e c o n diti o n s. A v er a g e ni g ht-ti m e a n o m ali e s v a r y b et w e e n − 1. 4 a n d + 1. 8 K. S o, a v e r a g e i nt r a -u r b a n t e m p er at u r e diff er e n c e s w er e 2. 3 K d u ri n g t h e aft e r n o o n tr a n s e ct s a n d 3. 2 K d uri n g t h e e v e ni n g t r a n s e ct. I n D h a k a, t h e i nt r a -u r b a n diff e r e n c e s w e r e s m all e r, a m o u nti n g t o 1. 4 a n d 1. 5 K f or mi d d a y a n d e v e ni n g c o n diti o n s, r e s p e cti v el y. diff er e n c e s, 1. 4 K, b ut l a r g er diff e r e n c e s d uri n g t h e e v e ni n g, 2. 8 K. T h e s e r e s ult s a r e i n li n e wit h t h e g e n er relationship between night-time temperature anomalies and sky view factor. However, it also shows that the low-income neighbourhoods may or may not be warmer. Three out of the four low-income neighbourhoods belong to the warmer ones during the night, one is comparatively cool. Transects that are found to be cool during the night may become comparatively warm or around average during the day, for example, "Low-Middle 6" in Dhaka and "Green-6" in Faisalabad. These effects can be explained by shading effects at street level. Especially during dry periods, lack of shading in open areas may lead to stronger warming and vice versa (Giridharan and Emmanuel, 2018) .
We now turn to differences according to the thermal comfort indices. For the night-time runs, the general pattern of the differences between neighbourhoods along the transect was found to be approximately similar in terms of the thermal comfort indices and temperature. That is, the spatial differences according to the heat indices are highly correlated with the air temperature differences. However, during the day marked differences occurred between the indices or variables that consider radiation, WBGT and UTCI, and the ones that do not, T and HI. The radiation-driven indices underline that open neighbourhoods may become comparatively warm under the influence of the solar radiation, whereas the densely built neighbourhoods (LCZ 1-3, 7) can in fact become cooler because of shading effects. However, again the patterns are not entirely consistent with this principle. Both in Delhi and in Dhaka some of the dense neighbourhoods are among the warmest in terms of UTCI, WBGT or both. Among the notable exceptions are the low-income neighbourhoods Low-2 in Delhi and Low-7 in Dhaka. This is partly related to the higher air temperatures in those neighbourhoods, but exposure to radiation plays an important role. Like will be shown below the dense building style does not automatically provide protection against the sun.
Differences in the radiation environment along the transect also explain that for WBGT and UTCI the range of x′ (see Eq. (4)) is larger during daytime than during night-time for Delhi and Dhaka. However, for Faisalabad the daytime differences are smaller. Here, differences in WBGT and UTCI are mainly caused by temperature because the radiation conditions along the transect are relatively uniform. This city mainly consists of low-rise buildings (LCZ classes 3 and 6, see Fig. 2 and Table 1 ). This is further illustrated in Fig. 9 , which depicts the seasonal averages of the daytime spatial anomalies of UTCI versus incoming solar radiation in the neighbourhoods. The average radiation intensities span a much larger range in Delhi and Dhaka (343 and 384Wm 2 , respectively) than in Faisalabad (167Wm 2 ). Thus, daytime UTCI anomaly ranges are also larger in Delhi and Dhaka (3.47 and 3.23 K, respectively) than in Faisalabad (1.77 K) . Three anomalies for neighbourhoods classified as "Rural" (recognizable as open symbols in the graph) clearly stand out and may show that green areas can bring some relief of heat, even if radiation levels are high. In Delhi and Dhaka, the patterns of measured average radiation intensity in built neighbourhoods explain just over 90% of the UTCI anomalies. Similar relationships are found for WBGT (not shown here), with radiation intensity explaining about 81% and 91% of the mean WBGT anomalies in Delhi and Dhaka, respectively. In Delhi and Dhaka, high radiation intensities have been measured in the low-income neighbourhoods, despite the high building density (bold symbols in the figure) . The results in Faisalabad show that during daytime the low-income neighbourhoods may be among the cooler ones in terms of UTCI. Shading as well as relatively green surroundings like in Faisalabad may reduce heat in any neighbourhood. As such, the results underline the importance of opportunities to access shaded areas that provide relief from heat during hot periods as well as important influences of the surroundings of such neighbourhoods.
Humidity may play a significant role too, which is best illustrated by means of HI. According to that index, the greener open areas may also be perceived as slightly warmer during daytime (Figs. 5-7) . For example, "High 6" and "Middle 5" in Delhi are more open and greener neighbourhoods, which are cooler on average in terms of daytime T, but show a higher HI. Since this index only responds to air temperature and humidity the higher value of HI must be due to a higher average humidity.
Intra-urban spatial differences and differences between low-and high-income neighbourhoods were further investigated for night-time conditions. Fig. 10 shows the maximum air temperature differences along the transects observed during the individual traverses and during the season. Hardly any seasonal trend was found in the maximum intraurban temperature difference. This was also true for the heat indices (not shown here). A weak tendency was found for Delhi and for Faisalabad. Here maximum air temperature differences tended to decrease after the onset of the monsoon, whereas such tendencies were virtually absent in Dhaka. In Fig. 10 , the mean temperature differences between the low-and high-income neighbourhoods are indicated with pluses if the lowincome ones are warmer and with minuses if they are cooler. The low-income neighbourhood in Delhi is always warmer during the Night-time temperature anomaly (K) Sky view factor (-) Fig. 8 . Observed average night-time air temperature anomaly versus sky view factor from LCZ classification (middle value per class, see Table 1 ), for Delhi (circles), Dhaka (diamonds) and Faisalabad (squares) . Bold symbols denote low-income neighbourhoods. The regression line is described by y = 1.45 2.43x (r 2 = 0.38).
night and the differences nearly always represent the maximum intraurban difference. However, in Dhaka and Faisalabad the low-income neighbourhoods are always (Dhaka) or usually (Faisalabad) cooler, but the differences hardly ever represent the maximum intra-urban difference. This is consistent with the observation that both the lowincome neighbourhood and the high-income neighbourhood may be systematically warmer or cooler than the average (see Figs. 5-7) .
Discussion and conclusions
In this paper we assess temporal and spatial patterns of exposure to heat in three major cities in South Asia: Delhi (India), Dhaka (Bangladesh) and Faisalabad (Pakistan). Our results show extremely high temperatures and heat index values over prolonged periods of time in these cities. Maximum daytime values of HI, WBGT and UTCI indicate potentially dangerously hot conditions on many days in the boreal summer season, ranging from nearly 50% of the days according to HI in Delhi, and up to 100% of the days according to WBGT in Dhaka in the period investigated here (Table 2) . This supports the hypothesis that people in low-income countries may be living in so-called climatic hot spots (De Souza et al., 2015) with enhanced exposure to climate threats including heat. Yet, the observations presented in this paper nuance the idea that people living in informal neighbourhoods are consistently more exposed to heat than people in richer neighbourhoods.
During night-time, compact neighbourhoods tend to remain warmer than more open neighbourhoods (Fig. 8 ), in accordance with UHI theory. Of the neighbourhoods included in the present study, a majority (8 out of 11) of the low-to low-and middle-income neighbourhoods belong to such compact classes, LCZ 1-3 and LCZ 7 (see Table 1 and Figs. 5-7). However, some of the richer neighbourhoods also belong to compact classes, whereas some of the lower-income neighbourhoods are built in a less compact style.
The results are consistent with the idea laid down in the LCZ concept that densely built neighbourhoods are expected to cool down more slowly than open, sparsely built neighbourhoods (Stewart and Oke, 2012 ). Yet, the interpretation is not straightforward. Actual day-to-day patterns may depend on the weather (He, 2018) , the season and the actual building height and width of streets. Whereas the lower sky view of Fig. 10 . Observed maximum intra-urban night-time temperature differences along the transects in Delhi (upper, diamonds) , Dhaka (middle, circles) and Faisalabad (lower, squares) and comparison with the temperature differences between low-income and high-income neighbourhoods (Low-2 -High-6 in Delhi; Low-7 -High-2 in Dhaka; Low-3 -High-6 and Low-D -High-6 in Faisalabad, respectively; see Table 1 ). Plus: low-income neighbourhood is warmer; minus: low-income neighbourhood is cooler. X: one negative and one positive difference of nearly equal absolute value. the dense neighbourhoods hampers nocturnal radiative cooling, abundance of shading during daytime may lead to less storage of heat, depending on the aforementioned characteristics (Theeuwes et al., 2014) and other neighbourhood characteristics like the amount of green and the presence of water bodies (Gunawardena et al., 2017) .
An important consideration is the fact that people spend a significant fraction of their time indoors, especially during night-time. Enhanced exposure during night-time to indoor conditions is particularly relevant, because of possible health effects due to reduced quality of sleep (Obradovich et al., 2017) . In the present context it is therefore interesting to explore the possible impact of differences in outdoor thermal conditions on indoor temperatures (Franck et al., 2013; Liao et al., 2015; Nguyen et al., 2014) . In particular for naturally ventilated houses without air conditioning and with uninsulated tin roofs, tin walls, or both, present in the informal neighbourhoods in Delhi and Dhaka, a reasonably strong relationship between indoor and outdoor temperature may be expected. For such houses, neighbourhood differences in the outdoor temperature will result in indoor temperature differences as well. This could imply that indoor temperatures are higher in informal neighbourhoods in cases where their outdoor environment is warmer. This would be interesting to study further.
During the night, average outdoor heat patterns revealed by the more complicated UTCI and WBGT are reasonably consistent with the ones from air temperature and HI, obviously because solar radiation and shading play no direct role during night-time. This indicates that night-time patterns of heat can be described by relatively simple indices. During daytime, however, solar radiation and wind patterns are crucial. Larger fractions of the densely built neighbourhoods may provide shading at street level, thereby locally improving human thermal comfort in comparison with more open neighbourhoods (Emmanuel et al., 2007) . This important role of solar radiation is described best by means of indicators like UTCI and WBGT. Their spatial patterns are quite different from the ones of T and HI. The data also show that in low-income neighbourhoods, protection against heat by shading is not guaranteed. Actual exposure to sun will depend on factors such as orientation of streets in combination with solar angle, placement of objects providing shade, among other things (Oke et al., 2017) . Obviously shaded spots can also be found in more open neighbourhoods, independent of socio-economic status. In addition to such local shading effect, if dense neighbourhoods are embedded in, or surrounded by, green/blue open areas they may offer a bit of cooling rather than being just hot spots, such as, for example, in Dhaka for "Low 7" or in Faisalabad for "Low 2".
Our analyses underline that it is important to consider heat indices that account for radiation when considering heat exposure of humans, especially during daytime when solar radiation is crucial. Seasonal trends differ among the various indicators (Fig. 4.) . This is an important consideration when designing heat-health action plans. Whereas it has since long been known that for assessment of the thermal influence of the environment of heat all parameters relevant for the human energy balance should be accounted for (Höppe, 1999) , such plans are often still based only on forecasts of temperature (World Health Organization, 2018; Knowlton et al., 2014) . In particular when calibrated on mortality statistics, the skill of simple indices to forecast dangerous days with an increased number of fatalities has been found to be quite reasonable (Hajat et al., 2010b) . However, such forecasts are typically based on extra-urban conditions. It is important to recognize that urban growth will continue (United Nations, 2014) and an increasing number of people will be exposed to heat in urban environments. Recent urban climate research has shown that detailed forecasts of heat in cities are within reach and even reliable forecasts of advanced thermal comfort indices like UTCI and WBGT within urban environments can be made (Leroyer et al., 2018) . The results from the present study support the idea of developing heat action plans based on such forecasts, especially in urban environments. It is recommended to further explore possibilities of using radiation-driven indices within urban environments as triggers for heat action plans. Results shown in Fig. 4 show that it is likely that this would also improve heat-event forecasts outside typical heatwave periods.
Our findings provide context to policy challenges of adapting to current climate extreme and future climate change. The observed intraurban temperature differences, though relatively modest, suggest that climate smart city design can help alleviating the burden of a rise in temperature due to climate change. To put this into perspective: limiting global temperature rise to 1.5 K, instead of 2 K -a difference of just 0.5 K -, could decrease extreme heat-related mortality by 15-22% per summer in European cities (Mitchell et al., 2018) . Neighbourhoods, and not only the rich ones, should be designed such that they provide shading during the day, but also be intersected or embedded in open green spaces to provide cooling during the night. Cities in South Asia and other developing countries face numerous other pressing development challenges, from improving transport and improving air quality to improving housing. Yet, this development provides a window of opportunity; much of South Asia's infrastructure of the future still needs to be built. There is a choice to build it climate smart.
Supplementary data to this article can be found online at https://doi. org/10.1016/j.scitotenv.2019.04.087.
